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Universidad de Zaragoza, I3A

Julio Marco
Universidad de Zaragoza, I3A

juliom@unizar.es

ABSTRACT
Monte Carlo methods for transient rendering have become a pow-
erful instrument to generate reliable data in transient imaging
applications, either for benchmarking, analysis, or as a source for
data-driven approaches. However, due to the increased dimen-
sionality of time-resolved renders, storage and data bandwidth are
signi�cant limiting constraints, where a single time-resolved render
of a scene can take several hundreds of megabytes. In this work we
propose a learning-based approach that makes use of deep encoder-
decoder architectures to learn lower-dimensional feature vectors of
time-resolved pixels. We demonstrate how our method is capable
of compressing transient renders up to a factor of 32, and recover
the full transient pro�le making use of a decoder. Additionally, we
show how our learned features signi�cantly mitigate variance on
the recovered signal, addressing one of the pathological problems
in transient rendering.
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1 INTRODUCTION
�e recent advances on transient imaging have enabled a wide
variety of applications such as non-line-of-sight (NLOS), material
classi�cation, or visualization of light in motion [Jarabo et al. 2017].
Recently, a novel method has been presented yielding a new class
of imaging algorithms mimicking the various capabilities of LOS
cameras [Liu et al. 2019]. Access to reliable time-resolved light
transport has therefore become a valuable asset in transient imag-
ing, not only for benchmarking and analysis, but also as a source
of reference data in data-driven methods. Monte Carlo methods
for transient rendering [Jarabo et al. 2014; Marco et al. 2019] allow
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us to synthesize reliable time-resolved light transport, and have
already been proved useful in data-driven methods that address
transient imaging problems [Guo et al. 2018; Marco et al. 2017].
However, the increased dimensionality of time-resolved renders
dramatically boosts the size of the data, proportional to the res-
olution of the temporal dimension. �is is a critical factor when
storage or data bandwidth are limiting constraints of a transient
imaging system, with input/output operations becoming a potential
bo�leneck during data processing.

To address these issues, in this work we leverage the properties
of encoder-decoder neural networks to extract a reduced set of fea-
tures from the radiance information available during the rendering
step. We propose a fully-convolutional architecture that allows to
reduce temporal pro�les of arbitrary resolution by a factor of 32,
and we bene�t from the denoising properties of encoder-decoders
[Vincent et al. 2008] to mitigate variance in the decompressed signal.

2 OUR APPROACH
Our goal is to use the radiance information generated during ren-
dering to extract a reduced set of features fL that will represent a
compressed radiance pro�le Lc (t), i.e. a single time-resolved pixel.
�is set of features should allow us to recover the original radiance
pro�le in a decompression step. Since a transient render can have
arbitrary temporal resolution, it is of interest that our approach is
capable of applying the same compression ratio to temporal pro�les
of any length.

To meet these requirements, we rely on a fully-convolutional
encoder-decoder architecture, where the encoder is in charge of
extracting meaningful features from the rendering data (compres-
sion step), and the decoder uses these to recover the original time-
resolved pixel Lc (decompression step). To maximize the informa-
tion available during rendering, the encoder applies spatio-temporal
convolutions over a neighborhood L9x9 of size 9 × 9 ×T centered
at the pixel Lc to be compressed, whereT is any arbitrary temporal
resolution. By applying subsequent 3D convolution operations with
non-linear activations, the encoder extracts a feature vector fL of
size T /32. �e decoder then applies multiple 1D deconvolutions
and convolutions in order to recover the time-resolved pixel Lc .
Following previous works on deep residual nets [He et al. 2016]
we include residual connections in the decoder. Our convolutional
blocks are composed by a convolution layer, batch normalization
layer, and a tangent activation (with the exception of a recti�er lin-
ear unit in the output layer). A detailed description of our network
can be found in Figure 1.

Dataset. As a labeled data source for training and validation, we
rely on the publicly available Zaragoza-DeepToF transient dataset
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Figure 1: Our proposed architecture, with example sizes for
a temporal resolution of T = 4096. �e encoder extracts a to-
tal ofT /32 features fL from a 9 × 9 ×T spatial neighborhood,
centered at the time-resolved pixel Lc to compress. �e de-
coder uses these features to decompress the time-resolved
pixel of size 1× 1×T .

[Marco et al. 2017]. �is dataset contains time-resolved renders for
a wide variety of complex architectural scenarios with a temporal
resolution of 4096 pixels at 1.6 picoseconds/pixel. We randomly
select a total of 1015000 inputs of size 9×9×4096 from 145 scenes for
training, and a total of 370000 inputs from 37 completely di�erent
scenes for validation.

Data preprocessing. Due to a�enuation of radiance at every light
bounce on the surfaces, time-resolved radiance pro�les tend to
present exponential decay over time. To ensure that our approach
is able to extract features on the whole temporal pro�le without
neglecting a�enuated radiance, we perform a logarithmic transfor-
mation over the radiance L, de�ning the input I as

I =

{
log(L) + 7 L ≥ 1e−7
0 L < 1e−7

. (1)

Loss function. We minimize the error between the reference and
the decompressed time-resolved radiance using a mean squared
error metric. Since our network operates over the logarithmic
transformation of radiance L (Equation 1), we apply an exponential
operation over the network outputO to compute the mean squared
error on linear space, having

Loss =
1
T

∑T
t=1(b

Ic (t ) − bO (t ))2, (2)

where b is the basis of the exponential function. In practice, we
found that choosing b = 2 provides a good tradeo� for recovering
both peaks and indirect bounces (see Figure 2).

As observed in the validation results of Figure 2, our method is
capable of compressing transient renders by a factor of 32 (from
4096 pixels to 128 features), while successfully decompressing the
full temporal pro�le back to 4096 pixels preserving both direct
(initial peak) and indirect illumination features. In Figure 3 we
show reference frames of the House scene from the validation set,
and the resulting frames a�er compressing each reference time-
resolved pixel to 128 features and decompressing them back to
4096 pixels. Our decoder is capable of recovering both direct and
indirect illumination, while performing signi�cant denoising due
to the spatio-temporal features learned by the encoder.
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Figure 2: Results for our validation set, showing time-
resolved pro�les of size 4096 (reference, blue), compressed
to 128 features and later decompressed back to 4096 pixels
(ours, red). We can observe how our network is able to suc-
cessfully recover both the initial peak and the indirect illu-
mination with attenuated radiance.
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Figure 3: Reference and decompressed frames for the scene
House from the validation set. Our method successfully de-
compresses both (a) early frames with direct illumination,
and (b) later ones with indirect illumination, while signi�-
cantly mitigating variance.
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